Protein-protein complexes play an important role in the physiology and the pathology of cellular functions, and therefore are attractive therapeutic targets. A small subset of residues known as "hot spots", accounts for most of the protein-protein binding free energy. Computational methods play a critical role in identifying the hotspots on the proteinprotein interface. In this paper, we use a computational alanine scanning method with all-atom force fields for predicting hotspots for 313 mutations in 16 protein complexes of known structures. We studied the effect of force fields, solvation models, and conformational sampling on the hotspot predictions. We compared the calculated change in the protein-protein interaction energies upon mutation of the residues in and near the protein-protein interface, to the experimental change in free energies. The AMBER force field (FF) predicted 86% of the hotspots among the three commonly used FF for proteins, namely, AMBER FF, Charmm27 FF, and OPLS-2005 FF. However, AMBER FF also showed a high rate of false positives, while the Charmm27 FF yielded 74% correct predictions of the hotspot residues with low false positives. Van der Waals and hydrogen bonding energy show the largest energy contribution with a high rate of prediction accuracy, while the desolvation energy was found to contribute little to improve the hot spot prediction. Using a conformational ensemble including limited backbone movement instead of one static structure leads to better predicttion of hotpsots.
Introduction
Protein-protein complexes are involved in various physiological processes and are also challenging targets for various pathological conditions. Protein-protein interaction surfaces are large and hence designing small molecule inhibitors that would disrupt the complex formation is a major challenge. It is known that a small subset of residues known as "hot spots" accounts for most of the protein-protein binding free energy [1] . Hot spots are shown to be surrounded by energetically less important residues forming a "hydrophobic O-ring" responsible for bulk solvent exclusion [2] . Identification of hotspots in protein-protein complexes is still challenging both experimentally and computationally, yet important to understand protein-protein binding and complex stability. It has been found that hot spots cannot be unequivocally defined by any single attribute such as location of the residue in the protein complex, charge, protein shape, or hydrophobicity [3] [4] [5] [6] . Experimentally, alanine scanning mutagenesis has been used successfully on few proteinprotein complexes to probe the effect of these mutations on the stability of the protein-protein complexes to identify hot spots [7] [8] [9] [10] [11] . But alanine scanning mutagenesis is both laborious and expensive because hundreds of mutants need to be analyzed by biophysical methods [12] . Moreover, there are hotspots that are not in the proteinprotein interface. Such "allosteric hotspots" are more tedious to locate using experimental techniques. Therefore computational alanine scanning methods that can reliably predict hotspots and quantify the binding free energy is desirable [13] [14] [15] [16] .
In the past decade, a number of computational alanine scanning methods have been developed to identify hot spots. Simple empirical energy-based computational methods [17, 18] , linear interaction energy methods [19] , Monte Carlo methods [20] , and FOLDEF whose energy terms are derived for predicting protein stability [21] are computationally feasible, while still providing good prediction for more than 70% of the mutants. All these methods use a single protein-protein complex conforma-tion from the crystal structure and empirical energy terms to calculate the change in protein-protein binding energy upon mutation. Protein-protein complexes are particularly dynamic and it is important to account for this flexibility while calculating the possible hotspots [22] . The protein-protein binding free-energy calculation using an all-atom forcefield (FF) combined with molecular dynamics simulations, has been used to improve the prediction of hot spots [16, [23] [24] [25] [26] . These methods provide good qualitative prediction of results, but they are still computationally intensive for many large protein-protein complexes [15] . There is change in binding free energy measured for several single point mutants in sixteen protein-protein complexes with known crystal structures of the complexes [17] . This serves as a gold standard for validating any computational method to predict hotspots.
In this paper, we have used alanine scanning method with all-atom forcefields (FF) and conformational sampling, for identifying hotspots in 16 different protein-protein complexes. We have compared the performance of various commonly used FF such as Charmm27 [27] , AMBER9 (ff03) [28] , and OPLS (2005) [29] , towards prediction of hotspots in 16 protein-protein complexes with known crystal structures. We have also studied the role of implicit solvation methods such as Delphi [30] , and Adaptive Poisson-Boltzman solvation APBS [31] , in the hotspot predictions. Protein-Protein complex interfaces are dynamic and hence conformational sampling could play an important role in identifying hotspots. To keep the conformational sampling procedure computationally viable, we used a fast conformational sampling method based on geometric constraints Concoord [32] , and studied the effect of sampling on the calculated protein-protein binding energies. Our results show that the Charmm27 FF predicts 74% of correct positives with a low percentage of false positives, while the AMBER force field (FF) performed better for the hot spot prediction (86% correct out of a total of 115 mutations), while showing a high rate of false positives. Desolvation energy was found to contribute little to improve the hot spot prediction efficiency. This is understandable given that most of the hotspots are dominated by small and hydrophobic residues [33] . Conformational sampling with Concoord improves the prediction efficiency of hot spots from 85% to 90%.
Computational Methods

Datasets
Datasets of single mutations and mutational data for 16 chosen protein complexes were taken from reference [17] and references therein, www.rtc.riken.go.jp/jouhou/pro therm/protherm.html, and http://mullinslab.ussf.edu/kurt /hotspot/index.php. The 16 protein complexes are shown in Table S1 of the supporting information.
Preparation of the Protein-Protein Complexes and Mutations
The coordinates of the 16 protein-protein complexes (shown in Table S1 ) were downloaded from the PDB databank. The program VMD [34] was used to add hydrogens. The potential energy of each protein-protein complex was minimized for 500 steps using conjugate gradient method in NAMD [35] (with Charmm force field [27] ) and then annealed to 300K temperature. The annealed structures were minimized for 200 steps of conjugate gradient method in AMBER [28] , Maestro 7.5 [36] upon which the minimization converged.
Methods for Calculating Protein-Protein Binding Free Energy and Alanine Scanning Mutations
We have calculated the protein-protein binding free energy using [24]  
where ΔG = E gas + ΔG solvation E gas = E internal + E electrostaic + E vdw E internal = E bond + E angle + E torsion The E bond , E angle , E torsion are contributions to the internal energy from the bonds, angles, torsion angles. The E electrostatic , E vdw are the electrostatic and van der Waals interaction energies, respectively. E gas was calculated using NAMD energy plugin in VMD [34] (for the Charmm FF [27] ), MM_PBSA for the AMBER 9 FF (ff03 force field) [28] , and Maestro 7.5 [36] for the OPLS2005 FF [29] ). ΔG solvation is the polar contribution to the solvation energy and was calculated using two methods, Delphi [30] (with 0.5 Å spacing grid, 1000 iterations, a dielectric constant of 2 for solute, 80 for exterior medium), and Adaptive Poisson-Boltzman Solvation APBS [31] (with 0.5 Å spacing grid, 1000 iterations, a dielectric constant of 2 for solute, 80 for exterior medium). Mutations were modeled using a mutation plugin in VMD [34] . And no more further optimization was performed [26] .
The change in binding energy of the two monomers of a protein-protein complex, due to mutation to alanine is given by
where "mut" represents mutants, WT represents wild type structures. G binding is the change in binding energy of the two monomers upon mutation of a single residue in the complex to alanine.
gen bond term, we have examined the effect of hydrogen bonding potential on the protein-protein binding energy, using a stand alone hydrogen bond potential [37] . The hydrogen bond potential we have used is given by:
where ε is a weight of the hydrogen bond interaction; σ is . SW is a switching function [38] to smoothly decrease E hond to zero beyond a cut-off distance.
Concoord Conformational Sampling
Conformational sampling was performed using C [32] , a method that starting from a crystal structure, generates protein conformations that fulfill a set of upper and lower interatomic distance limits which depends on distances measured in experimental structures and the strength of the interatomic interactions. For each wild type protein complex structure, we generated 60 conformers [from reference 39, 60 is a reasonable number of conformers for convergence] and then performed alanine scanning mutation for each of the 60 conformers. For each conformer, mutations were modeled using a mutation plugin in VMD [34] . And no more further optimization was performed [26] . The binding energy was calculated as the average of all the binding energy for each conformation in the ensemble.
The change in binding free ene between partners of protein complex + desolvation energy) as defined in the methods section was calculated for a total of 313 mutations in 16 protein-protein complexes. This test set was chosen due to availability of the experimentally measured change in binding free energies upon several alanine mutations. Additionally, these 16 protein complexes have known crystal structures. In our calculations, hot spots are defined as residues that show a change in calculated or observed binding affinities of more than 1 kcal/mol upon alanine replacement, and "neutral residues" are those positions which upon mutation to alanine show less than 1 kcal/mol difference in predicted or observed protein-protein binding affinities [17] . The number of total hotspots is a combination of those hotspots present in the protein-protein interaction interface, and the hotspots that have allosteric effect on fect the protein-protein interaction upon mutation. Table 1 shows the % correct predictions for various FF and also the various energy components in each of these FF. The first three rows of Table 1 shows the percentage of hotspots and neutral residues predicted correctly with various all-atom FF. The AMBER FF performed better among the three, with 86% correct prediction of total hotspots and 93% for the hotspots in the interface, while showing a high percentage of false positives or low percentage of correct prediction of neutral residues as shown in Figure 1 . The Charmm27 FF on the other hand shows good prediction for both hotspots (74%) and for neutral residues (61%) and the OPLS force field predicted the least number of hot spots among the three FF. All of the three force fields predicted more than 60% of the hot spots. Interfacial hot spots have higher percentage of correct prediction than the allosteric ones.
Comparison between Different Force Fi
Effect of Solvation on Prediction
Two continuum solvent methods solving the PoissonBoltzman equations, namely the Adaptive Poisson-Boltzman solvation (APBS) [31] and Delphi [30] were tested in the prediction of hot spots. From Table 1 , it is seen that inclusion of solvation effects using Delphi improved oth the hotspot (from 74% to 79%) and neutral residue of mutation residues predic b (from 61% to 64%) predictions for the Charmm force field. For other forcefields, inclusion of the solvation energies, decreased the percentage of hotspot residues predicted. Overall the effect of solvation is minor on hotspot predictions since most of the residues in the interface are hydrophobic and hence burial desolvation penalty is low. This is consistent with the analysis of the nature of residues in the interface of protein-protein complexes [33] and the O-ring hypothesis [2] that most of the hot spot residues are small and hydrophobic or that the hot spot residues are surrounded by hydrophobic residues (form an O-ring) to block the interactions between hot spot and solvent.
We have further analyzed the effect of solvation on prediction of mutation of polar versus non-polar residue hotspots. Tables S2-S4 of the supplementary material shows this data. It is seen that Amber FF performed the best with 85% of polar mutants and 88% of non-polar mutants for hotspots predicted correctly. This percentage is not affected substantially by inclusion of solvation. This is because the polar residues still stay partially solvated even upon formation of protein-protein interface. The protein-protein interface is dynamic and has a substantial solvent exposed surface area. Charmm FF with Delphi solvation predicted 68% of true positives with 73% of polar hot spots, and 84% of non-polar hot spots. The prediction of hotspots worsened by including solvation with OPLS force field. From this section onwards we have pursued further analysis with Charmm FF only, since Charmm FF with solvation showed the best prediction of hotspots.
Effec Interactions on Hot Spot Predictions
nderstand the role of various energy com such as electrostatics and van der Waals interactions in the protein-protein interface, we separated the van der Waals interaction energies and calculated the percentage Waals and electrostatic interactions. As seen in Table 1 , using van der Waals interactions alone we find that the Charmm FF predicts about 2% more hotspots than using the complete energy function in Charmm. This indicates that the van der Waals interaction is critical to the protein-protein interface interactions. The study of proteinprotein interactions by other groups have shown that van der Waals interactions are important [39, 40] in hot spot predictions. From Table S5 , including Delphi solvation energy with Charmm-VDW reduced the prediction of hotspots dramatically. This indicated that solvation energy compliments the electrostatic interaction, and should not be included if the electrostatics are omitted [26, 39] .
Baker and coworkers showed that [17] , hydrogen bonding term provides a better description of polar interactions in protein interfaces than electrostatics with a prediction of 76% over 56% [17] . Accurate calculation of electrostatics is notoriously difficult and the protein internal dielectric constant has been shown to be important in binding energy prediction [26, 39] . This is a tricky parameter when it comes to calculating protein-protein interaction energies since these surfaces could be solvent exposed. Therefore we studied the effect of a range of internal dielectric constant varying from 1 to 80 for the calculation of electrostatic energies. We use the mutations available for the protein-protein complex (1JCK) as an example to optimize the internal dielectric constant to be used for the hot spot predictions. We chose this system since there are only nine mutants including 8 hot spots with polar, non-polar, charged amino acids. Figure  2 shows the variation of the calculated change in binding energy as a function of the dielectric constant and it shows that the electrostatic energy difference and the binding energy difference become stable when the dielectric constant is greater than 4. We examined the effect of electrostatic interactions on hotspot predictions with dielectric 4.0 in Charmm FF. From Table 1 , we can Table S1 of suppo the prediction of interfacial hot spots increased by 10%.
Spot Predictions
Since the electrostatic energies are notoriously difficult to calculate accurately especially at the protein-pro interface, we added an explicit hydrogen bond func amine if we could e ponent of the energy. Moreover, the all-atom forcefields tested in this study do not have an explicit hydrogen bond term in the potential energy function. To be able to test the influence of the hydrogen bonds on protein-protein interactions we used an explicit hydrogen bond function described in detail in the Methods section (Section 2.4). We calculated the hydrogen bond energy using this function and added the van der Waals energy from Charmm FF. It is seen from Table 1 , that the hot spot prediction improves by 5% upon inclusion of hydrogen bond energies, compared to using only van del Waals energies. This correlates with the fact that residues that most frequently form a hot spot are tryptophan (21%), arginine (13%), and tyrosine (12%) [15] , those show both hydrogen bonding as well hydrophobic interaction with other residues. If hydrogen bonding energy alone was used to predict the hot spot, only 9.8% of the hot spots (data not shown in the table) were predicted correctly. This indicates that hydrogen bonding energy is important in predicting hotspots, but is not as important as van der Waals energy. Since the intermolecular electrostatic and polar solvation free energies cancel each other upon proteinprotein binding [26, 41] , one needs only hydrogen bonding and van der Waals energies to predict the hot spots.
Effect of Conformational Sampling on Hotspot Predictions
Because protein-protein interface is dynamic, makin mutations in the interface could lead to conforma changes in the neighborhood of the mutations or in s s even show allosteric co we have examined the effect of including conformational sampling (both backbone and side chains) in the prediction of hotspots. For faster computations, we have used a distance constraints based method, known as Concoord [32] . It has been shown that the sampling done by Concoord method is equivalent to MD simulations [32] . We have used Concoord method to generate a conformational ensemble for each of the 15 protein-protein complexes. One of the 16 protein-protein complexes was omitted because it is a multimer and not feasible with Concoord. The RMSD in coordinates of the C α atoms in the ensemble of conformations generated by Concoord for the various protein complexes, varies from 1.8 Å to 6.0 Å. The variation in conformations in the ensemble for each protein comes mostly from the loop regions. The RMSD spread in the protein-protein interface is between 0.6Å and 2.6 Å. Compared to the entire proteins, the protein-protein interface is more rigid. Figure 3(a) shows the fluctuation of the interfacial residues for 60 conformers of protein 1JCK and Figure 3(b) shows the RMSD by residues (RMSF) of the protein. Figure 3 shows that the conformations generated by Concoord [32] show variability in the interface. The RMSF figure shows that the interfacial residues are more rigid than the rest residues of the proteins (see Figure S2 for RMSF of other proteins). From Table 1 it is clear that including conformational sampling for the protein-protein complexes leads to 85% correct prediction of the hotspots and 95% of interfacial hot spots predicted which is a substantial increase compared to using single static conformation. Although Charmm FF function with dielectric constant 4.0 predicted 90% of the interfacial hotspots correctly, the accuracy of the predictions for different protein interfaces range from 50% to 100% rting material). The change in binding energy calculated using Charmm FF function with dielectric constant 4.0 for the proteins 1VFB, 1AHW are shown in Figure 4 . We have chosen these proteins since they have a wide range of mutations showing both neutral residues and 
Comparison of Performance of All-Atom
Forcefield with Other Methods hotspots. The correlation coefficient between the experimental free energies and calculated change in binding e supporting material shows the correlation for the neutral and hotspot residues separately. The correlation coefficient for the hotspots is 0.7 while for the neutral residues, Table 2 shows comparison of our results with Robetta that uses a knowledge based forcefield for alanine scanning [17] . 
Conclusions
In summary, we studied different factors that affect the prediction efficiency of computational alanine scanning methods, including type of force fields, solvation models, and conformational sampling. The AMBER force field (FF) performed b fields for hot spot while showing a h percentage of neutral residues correctly predicted was low with AMBER FF. The Charmm FF however showed an evenly balanced prediction of both hot spots and neutral residues. Dielectric constant of 4.0 for electrostatic interaction calculation improves the hot spot prediction efficiency dramatically. Among all the energy terms, van der Waals energy seems to play a critical role followed by the hydrogen bond energy. Conformational sampling with Concoord also predicts the hot spots better than us- 
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